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10.1016/j.iatssr.2016.11.001a b s t r a c ta r t i c l e i n f oAvailable online xxxx The consideration of spatial externalities in trafﬁc safety analysis is of paramount importance for the success of
road safety policies. Yet, the quasi-totality of spatial dependence studies on crash rates is performed within the
framework of single-equation spatial cross-sectional studies. The present study extends the spatial cross-
sectional scheme to a spatial ﬁxed-effects panel model estimated using the maximum likelihood method. The
spatial units are the 31 administrative regions of mainland China over the period 2004–2013. The presence of
neighborhood effects is evidenced through the Moran's I statistic. Consistent with previous studies, the analysis
reveals that omitting the spatial effects in trafﬁc safety analysis is likely to bias the estimation results. The spatial
and error lags are all positive and statistically signiﬁcant suggesting similarities of crash rates pattern inneighbor-
ing regions. Some other explanatory variables, such as freight trafﬁc, the length of paved roads and the popula-
tions of age 65 and above are related to higher rates while the opposite trend is observed for the Gross
Regional Product, the urban unemployment rate and passenger trafﬁc.
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Traditional modelingmethods of road accidents are based on the as-
sumption that the variables are random and the disturbance terms are
unrelated. These precepts have been questioned since the paper of [1]
stating that a closer spatial examination of movements and interactions
as well as of neighborhood and community will provide hard evidence
on which to base road safety policies. Road networks being intercon-
nected, trafﬁc counts are interrelated making systematic spatial and se-
rial autocorrelation between observations on the different networks
[2–4]. Neighboring spatial units are likely to share common infrastruc-
tures resulting in similar trafﬁc regulations and road users' behaviors,
and deﬁnitely in comparable road safety levels. Ignoring the spatial de-
pendence in trafﬁc crash modeling will certainly produce bias and in-
consistent estimates [5]. The spatial dependence relies on Tobler's [6]
ﬁrst law of geography which says ‘everything is related to everything
else but near things are related more than distant things’ p. 236.
The incorporation of spatial dependence in trafﬁc safety analysis can
be traced back to [7]. They used a spatial lag model (SLM) to investigate
the spatial patterns ofmotor vehicle accidents in Honolulu, Hawaii, dur-
ing the year 1990. They found that spatial location is a key element insociation of Trafﬁc and Safety
dam@gmail.com (Y. Zhou),
Safety Sciences. Production and hos
rash rates analysis in China uroad crash analysis. Papadimitriou et al. [8] also used another SLM to
model the spatial variation of crash rates in Greece for the year 2002.
The rates in each county were found to signiﬁcantly depend on some
factors that are due to similarities with neighboring counties. LaScala
et al. [9] used a spatial errormodel (SEM)model tomap locations of pe-
destrian injuries in San Francisco, California, for the year 1990. The anal-
ysis supported that the geographical proximity has an impact on the
trafﬁc safety of spatial units. Quddus [10] explored the 2001-crash
data of the census wards in London. Using a SEM, the author reported
a spatial dependence in crash observations. Hong et al. [11] used both
a SLM and a SEM to inspect crash occurrence in the administrative
zones of Seoul in South Korea for the year 2010. The study revealed a
high spatial correlation between accidents. Wang and Kockelman [12]
used a panel seemingly unrelated regression SEM to evaluate crash
rates in some Chinese cities over the period 1999–2002 and highlighted
the necessity of incorporating spatial effects in crash rates analysis.
All these studies support the inclusion of spatial dependence in road
crash modeling. Nevertheless, excepted [12], the remaining studies are
performed within the framework of a single-equation scheme and
have limitations in the sense that they are cross-section analyses
[13–15]. Cross-section data ignore the dynamics of the changes and
the heterogeneity of spatial units. This study is an attempt to overcome
these limitations by using a spatial panel method. Panel data are more
efﬁcient in that they provide more information, more variability, less
collinearity among the covariates and more degree of freedom
[13–15]. The spatial units are the administrative regions of mainland
China. Road accidents and the resulting fatalities are still prevalent inting by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license (http://
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2 W.L. Soro et al. / IATSS Research xxx (2016) xxx–xxxChina compared tomany other countries in the world. Many efforts are
needed to make a substantial progress [16] because road trafﬁc acci-
dents are still the leading cause of injury deaths in China [17,18]. In
2010, there were 207 million vehicles in China against 60 million in
2000 and only 2 million in 1980 [19]. This steep growth rate of motori-
zation is expected to be correlated with more road trafﬁc crashes and
fatalities.
The remaining paper is organized as follows. Section 2 introduces
the fundamentals about spatial effects and spatial panels. Section 3 pre-
sents the data. Section 4 describes the modeling technique while
Sections 5 and 6 are respectively devoted to the results and their discus-
sion. The conclusions are given in Section 7.
2. Estimation techniques for spatial panel models
Spatial dependence among observations across space is investigated
through the so-called spatial weight matrixW that highlights the orga-
nization of geographical entities in the space [20].
Three types of spatial effects exist in spatial econometric: the endog-
enous interaction effects among the explained variable, the exogenous
interaction effects among the regressors and the interaction effects
among the error terms [14,21]. Much of the literature has been devoted
to the interaction among the explained variable known as spatial lag,
the interaction among the error terms known as error lag and the com-
bination of both [14]. Following [22], the model structure for the spatial
lag is the spatial autoregressive (SAR) model; for the error lag it is the
spatial error model (SEM) and for the combination of both it is the spa-
tial autoregressive model with autoregressive disturbances (SARAR).
These models have been traditionally estimated using cross-section
data. To ease empirical investigations the development of the estima-
tion techniques has been extended to spatial panel models [20,23].
The traditional ordinary least squares (OLS) regression is inappropriate
for models incorporating spatial effects [20,24]. Due to the presence of
the spatial weight matrix, the OLS estimator is biased and inconsistent
for SAR models because of the quadratic form in the error term and in-
consistent for SEMs because of the nondiagonal form of the error term
variance matrix [20]. The maximum likelihood (ML) and the quasi-
maximum1 likelihood (QML) methods have been viable alternatives to
overcome these shortcomings of the OLS estimator since a ﬁrst trial by
[25] and mainly since the textbook by [20].
Much of the literature on spatial panels is devoted to dynamic spatial
panelmodels [26–29]. However, dynamic spatialmodels are beyond the
scope of this paper; only static spatial panels are dealt with. Kapoor et al.
[30] extended Kelejian and Prucha's [22] spatial cross-section general-
ized method of moments (GMM) to panel SEMs with random effects.
Mutl and Pfaffermayr [31] proposed the GMM for SARAR panel models
with ﬁxed and random effects and designed the Hausman test to dis-
criminate between these effects. Lee and Yu [32] established the asymp-
totic properties of the QML estimators for SARAR panel models with
ﬁxed effects. Yang et al. [33] investigated the ﬁnite sample properties
of these ﬁxed effects estimators. The ML and QML methods are so far
the most appropriate methods to ﬁt spatial panels [32,34–36].
3. Data description
The spatial units are the administrative regions of mainland China.
Altogether, there are 31 regions. The study covers the period 2004–
2013. The data for each year are obtained from the corresponding Chi-
nese Statistical Yearbook published by the National Bureau of Statistics
of China.2 The study considers two dependent variables representing
crash rates: the annual number of trafﬁc accidents per 100,0001 The term “quasi” covers speciﬁcations where the actual distribution is permitted to
differ from the normal distribution.
2 Website: http://www.stats.gov.cn/english/statisticaldata/.
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lation. These crash rates are computed based respectively on the num-
ber of trafﬁc accidents and the associated number of injuries.
The set of covariates included in the analysis are related to popula-
tions, trafﬁc, infrastructures and the economic prosperity represented
by the Gross Regional Product (GRP) as a proxy for the income of each
region. The summary statistics of the variables are given in Table 1.
A preliminary analysis in the spatial dependence analysis is the visu-
alization of the scheme of the dependent variable in order to have an
initial idea about its dynamics. This step is done here through the
quantile map where the observations are divided into six categories
Fig. 1 shows the quantile map of the average injury rates over the
study period.
The map for the average accident rates is dropped because it shows
similar structures to the ﬁrst one. Themap shows evidence of spatial au-
tocorrelation as most of the neighboring regions tend to display similar
conﬁgurations. This spatial connection will be further analyzed through
appropriate tests in the next section.
4. Methodology
Road networks between spatial units are interconnected and road
users in neighboring units are likely to have similar behavioral schemes.
Thus, the different spatial units are expected to inﬂuence each other ei-
ther directly and/or through unobserved factors. Both spatial and error
lags can presumably be included in the model and later checked by an
appropriate diagnostic test.
4.1. Model speciﬁcation
Following [32], the regression model is speciﬁed with individual
ﬁxed effects in Eqs. (1) and (2) as follows:
Yit ¼ Xitβ þ λWYit þ αi þ uit ð1Þ
uit ¼ ρMuit þ εit
i ¼ 1;…;N
t ¼ 1;…; T
ð2Þ
where i and t respectively refer to the spatial unit and the year, Y is the
N×1matrix of the observed endogenous variables, X is the N×kmatrix
of the observed exogenous variables, W and M are the N×N spatial
weighting matrices deﬁning the dependence across the spatial units, α
is the N×1 matrix of individual ﬁxed effects, β is the k− dimensional
matrix of the regression parameters, λ and ρ are respectively the spatial
autoregressive and the spatial autocorrelation parameters, u is theN×1
matrix of the disturbance terms, and ε is the N×1 matrix of innovation
error terms.WY andMu are respectively deﬁned as the spatial and the
error lags. They respectively express the impact of the observed and
the unobserved effects of the injury rate of spatial unit i on the injury
rates of neighboring spatial units.
A positive (negative) sign of the coefﬁcient of each of these lags im-
plies that higher injury rates in a given region correspond to higher
(lower) injury rates in neighboring regions. This positive (negative)
sign therefore indicates similarities/dissimilarities of crash rates be-
tween neighboring spatial units.
4.2. Model assumptions
The estimation of themodel in Eqs. (1) and (2) lays on the existence
of its log-likelihood function Ln(L). This function is speciﬁed as follows:
Plugging Eq. (2) into Eq. (1) gives Eq. (3)
Yit ¼ I−λWð Þ−1Xitβ þ I−λWð Þ−1αi þ I−λWð Þ−1 I−ρMð Þ−1εit ð3Þsing a spatial panel model, IATSS Research (2016), http://dx.doi.org/
Table 1
Summary statistics of the variables.
Variables Description Min Max Mean SD
ACC Number of trafﬁc accidents per 100,000 population 3.543 147.882 23.743 16.213
INJ Number of injuries per 100,000 population 4.063 103.037 25.904 15.778
GRP Gross regional product (100 million Yuan current price) 211.54 62,163.97 11,930.42 11,324.64
POP14 Population of age between 0 and 14 years 584,503.9 162,000,000 7,829,427 10,100,000
POP64 Population of age between 15 and 64 years 1,865,140 594,000,000 32,700,000 37,400,000
POP65 Population of age 65 years and above 146,323.8 100,000,000 4,237,699 6,065,621
UUNEMP Percentage of registered urban unemployment 1.21 6.5 3.668 0.665
Passenger Passenger trafﬁc on highways (100 million passenger-1000 m) 14.8 2470.106 411.916 370.291
Freight Freight trafﬁc on highways (100 million ton-1000 m) 23.1 7266.771 952.697 1321.881
PAVEDR Length of paved roads (103 m) 313 42,875 9014.138 8474.244
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Yit ¼ I−λWð Þ−1Xitβ þ I−λWð Þ−1αi þ Aεit ð4Þ
The variance-covarianceΩ of the regression is given in Eq. (5) as
Ω ¼ E½ðAεitÞðAεitÞ0 ¼ AE½εitεit 0 A0 ¼ σ2εA A0, therefore
Ω ¼ σ2ε I−λWð Þ−1 I−ρMð Þ−1 I−ρM0
 −1 I−λW 0 −1 ¼ σ2εAA0 ð5Þ
Then, the log-likelihood function Ln(L) of the regression is deﬁned in
Eqs. (6)–(9)
Letting Vit=Aεit=[Yit−(I−λW)−1(Xitβ+αi)],
Ln Lð Þ ¼−NT
2
Ln 2πσ2ε
 þ TLn I−λWj j
þ TLn I−ρMj j−
XN
i¼1
XT
t¼1
1
2σ2ε
Vit
A
 0 Vit
A
  
ð6Þ
¼−NT
2
Ln 2πσ2ε
 þ TLn I−λWj j
þ TLn I−ρMj j−
XN
i¼1
XT
t¼1
1
2σ2ε
Vitð Þ
0
A−1
0
A−1 Vitð Þ
 
ð7Þ
¼−NT
2
Ln 2πσ2ε
 þ TLn I−λWj j
þ TLn I−ρMj j−1
2
XN
i¼1
XT
t¼1
Vitð Þ0σ−2ε AA0
 −1 Vitð Þ
h i
ð8ÞFig. 1. Quantile map of the average
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The log-likelihood function in Eq. (9) is based on the ﬁve following
assumptions:
Assumption 1. The diagonal elements ofW andM are all equal to zero.
Assumption 2. The innovation error terms are independently and
identically distributed with mean 0, variance σε2 and their moments of
higher than the fourth order exists.
Assumption 3. The matrices (I−λW) and (I−ρM) are invertible for
λb1 and ρb1.
Assumption 4. W and M are uniformly bounded in absolute value in
column and row sums.
Assumption 5. The matrix X has full column rank and its elements are
uniformly bounded in absolute value.
By convention, self-neighbors (also called self-inﬂuence) are exclud-
ed in spatial analysis. Assumption 1 is in line with this convention as it
implies that no spatial unit is its own neighbor. Assumption 2 provides
independently and identically distributed regularity assumptions for
the innovation term. Assumption 3 speciﬁes the completeness of the
model because it makes possible the computation of Y and u. Also, the
inferiority of the spatial parameters to the unity is to ensure that the
process is stationary. Assumption 4 restrains the spatial connectioninjury rates over 2004–2013.
sing a spatial panel model, IATSS Research (2016), http://dx.doi.org/
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multicollinearity.4.3. Tests for spatial effects
It is necessary to check the presence of the spatial effects prior to
their incorporation in the model [20]. The most familiar statistic for
this kind of test is the Moran's I score under the null hypothesis of ab-
sence of spatial dependence [20]. However the Moran's I cannot dis-
criminate between spatial and error lags. The appropriate alternative
is the Lagrange multiplier index and its robust version under the null
hypothesis of no lag (either spatial or error, depending on the test) de-
pendence [37–39]. All these statistics are based on the Ordinary least
squares (OLS) estimates of the dependent variable and a spatial weight
matrix.
However, both lags can be integrated together in the SARAR as pro-
posed by [22] for cross-section studies and by [32] for panel studies.
Belotti et al. [40] proposed the ML method to estimate spatial panel
models and the AIC score to discriminate between the SEM, the SAR
model and the SARAR.
In practice the spatial weight matricesW andMmay or may not be
equal [32]. In this study they are supposed to be equal. In spatial analy-
sis, it is commonly intuitive to test the robustness of the results using
more than one spatial weight matrix. However, because one of the re-
gions (Hainan Province) in mainland China is an island, the contiguity
matrices are out of choice restricting the analysis to a row-normalized
inverse distance-based matrix.
Following [38], the inverse distancematrixW is a based on the spec-
iﬁcation of a minimum distance (dmin) to ensure that every spatial unit
has at least one neighbor. Each elementwij ofW is deﬁned aswij ¼ 1

dij
where dij≥dmin, i , j=1,… ,N, i≠ j and dij is the distance between the cen-
troids of locations i and j. As can be seen, the spatial effects of a locationTable 2
Fixed effects estimation results for crash rates.
Variables Model 1 non-spatial panel Model 2 panel SAR
ACC INJ ACC INJ
GRP −0.002⁎⁎
(−9.62)
−0.0014⁎⁎
(−11.42)
−0.0011⁎⁎
(−7.86)
−0.001
(−8.90)
POP14 5.67e-07
(0.79)
1.80e-07
(0.35)
−1.04e-06⁎
(−1.78)
−7.85e-
(−1.78)
POP64 −9.15e-07⁎⁎
(−3.33)
−9.02e-07⁎⁎
(−4.54)
−8.98e-07⁎⁎
(−4.14)
−7.94e-
(−4.83)
POP65 4.50e-06⁎⁎
(3.14)
5.09e-06⁎⁎
(4.91)
7.02e-06⁎⁎
(6.10)
6.01e-06
(6.98)
UUNEMP 1.064
(0.59)
0.045
(0.03)
−3.871⁎⁎
(−2.62)
−3.897
(−3.38)
Passenger −0.014⁎⁎
(−2.70)
−0.012⁎⁎
(−3.27)
−0.007⁎
(−1.77)
−0.009
(−2.89)
Freight 0.002⁎
(1.94)
0.002⁎⁎
(2.64)
0.002⁎⁎
(3.00)
0.003⁎⁎
(4.42)
PAVEDR 0.002⁎⁎
(5.15)
0.001⁎⁎
(3.51)
0.0013⁎⁎
(4.25)
0.0005⁎
(1.93)
Spatial lag 0.722⁎⁎
(12.25)
0.622⁎⁎
(9.52)
Error lag
Constant 31.954⁎⁎
(4.26)
43.667⁎⁎
(8.06)
Variance (e) 53.211⁎⁎
(12.33)
30.511⁎⁎
(12.38)
Log-likelihood −974.2
AIC 2235.279 2033.95 2143.802 1966.48
Panel length 10 10 10 10
Groups 31 31 31 31
Observations 310 310 310 310
In parenthesis are the t-statistics.
⁎⁎ Statistically signiﬁcant at the 0.05 level.
⁎ Statistically signiﬁcant at the 0.10 level.
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row-normalized form ~W ofW is ~wij ¼ wij=∑Nj¼1wij
; by convention,wij ¼
~wij ¼ 0 for i= j due to the exclusion of self-neighborhood as explained
in the assumptions section.
The Moran's I statistic for the two dependent variables accident rate
and injury rate was found to be positive and statistically signiﬁcant at
the 5% signiﬁcance level meaning respectively that there are similar
crash rates in neighboring spatial units and the null hypothesis of ab-
sence of spatial dependence is rejected. This rejection suggests that
the OLSmodel needs to be improved by incorporating the spatial effects
in the analysis. The new estimations and their discussions are presented
in the subsequent section.
5. Results
Altogether, four models were estimated using the Stata software
[41]. Model 1 is a non-spatial one unlike the others. The Hausman test
rejected the random effects in each of the models. So, all the models
are ﬁxed-effects estimations. The spatial models are ﬁtted using the
ML method by [40]. In the presence of ﬁxed-effects, the ML provides
consistent estimations for the regression parameters [32]. Model 2 is a
SAR model, Model 3 is a SEM while Model 4 is combination of Models
2 and 3, say a SARAR model. The estimation results are given in Table 2.
The coefﬁcients of population of age between 0 and 14 years
(POP14) and urban unemployment rate (UUNEMP) are positive and
not statistically signiﬁcant in the non-spatial model (Model 1). These
coefﬁcients become negative and statistically signiﬁcant when the spa-
tial effects are incorporated in the model. It is believed that the non-
spatial model has given the wrong results as the unemployment gener-
ates fewer tripsmeaning lower crash rates. The same explanation holds
for children because they are mostly less likely to be exposed to trafﬁc
risks due to their inactivity in the economic activities. The obtainedModel 3 panel SEM Model 4 panel SARAR
ACC INJ ACC INJ
⁎⁎ −0.0012⁎⁎
(−7.12)
−0.001⁎⁎
(−8.31)
−0.0012⁎⁎
(−7.74)
−0.0011⁎⁎
(−8.89)
07⁎ −1.65e-06⁎⁎
(−2.90)
−1.33e-06⁎⁎
(−3.07)
−1.47e-06⁎⁎
(−2.47)
−1.13e-06⁎⁎
(−2.49)
07⁎⁎ −1.08e-06⁎⁎
(−4.97)
−8.97e-07⁎⁎
(−5.46)
−1.04e-06⁎⁎
(−4.67)
−8.62e-07⁎⁎
(−5.15)
⁎⁎ 9.10e-06⁎⁎
(7.60)
7.51e-06⁎⁎
(8.30)
8.59e-06⁎⁎
(6.70)
6.98e-06⁎⁎
(7.34)
⁎⁎ −2.856⁎
(−1.75)
−2.667⁎⁎
(−2.16)
−2.984⁎
(−1.88)
−3.028⁎⁎
(−2.47)
⁎⁎ −0.007
(−1.48)
−0.010⁎⁎
(−2.77)
−0.008⁎
(−1.71)
−0.0103⁎⁎
(−2.94)
0.002⁎⁎
(2.44)
0.002⁎⁎
(4.21)
0.002⁎⁎
(2.63)
0.003⁎⁎
(4.37)
0.001⁎⁎
(4.15)
0.0004⁎
(1.84)
0.001⁎⁎
(4.35)
0.0005⁎
(1.96)
0.538⁎⁎
(3.66)
0.495⁎⁎
(4.51)
0.818⁎⁎
(18.92)
0.797⁎⁎
(16.37)
0.521⁎⁎
(2.91)
0.435⁎⁎
(2.69)
51.361⁎⁎
(12.27)
29.438⁎⁎
(12.27)
58.204⁎⁎
(13.73)
33.306⁎⁎
(13.76)
43 −1061.141 −973.873 −1059.476 −971.337
6 2140.281 1965.745 2138.953 1962.674
10 10 10 10
31 31 31 31
310 310 310 310
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of spatial interactions which are inevitable between regions. Therefore,
ignoring the spatial effects would have produced misleading estimates.
The performances of all models are compared using the AIC scores. For
each of the two dependent variables, the non-spatial model (Model
1) offers the highest AICs meaning that this model is better than none
of the spatial ones. Then, the SEM is better than the SAR model. Model
4, the SARAR model provides the lowest AICs. Thus, it is the best
model for explaining the variations in crash rates in the different spatial
units. Therefore, the discussions of the results of this model are given in
what follows.
6. Discussion
In Model 4, each variable is statistically signiﬁcant and has the same
sign in both equations. The coefﬁcient of the spatial lag is positive indi-
cating that neighboring regions tend to displays similar patterns in
terms of accident and injury rates. The coefﬁcient of the error lag is
also positive in both equations suggesting the existence of common un-
observed factors affecting accident and injury rates in neighboring re-
gions. These ﬁndings are consistent with previous studies.
The Gross Regional Product and the urban unemployment rate are
connected to lower crash rates. This is intuitive because regions with
higher incomes are more likely to have more resources for investment
in road safety in order to get facilities such as roads of good quality,
safer vehicles, efﬁcient regulatory agencies and emergency medical fa-
cilities. There is a large clustering of employment in cities generating
more trips, so fewer trips thus fewer accidents are expected from the
unemployment in these areas.
Passenger trafﬁc is associated with lower crash rates unlike freight
trafﬁc. The bus is themost commonmode used for passenger transport
and is traditionally involved in fewer accidents compared to other
modes of passenger transport. It also helps to improve road safety by
decreasing trafﬁc congestion. However, it should also be noted that be-
cause of its large capacity, the bus is associated with substantial proper-
ty losses during crashes. As far as freight trafﬁc is concerned, freight
vehicles are life threatening than the other vehicles. Similar scheme is
likely to be present in China where commercial vehicles are still great
perpetrators of crashes [16] and the majority of the victims are the vul-
nerable road users (pedestrians, bicyclists, and motorcyclists).
The length of paved roads is correlated with higher crash rates. This
can be attributed to the fact that good infrastructures foster faster driv-
ing and therefore increase the probability of more crashes and injuries.
In line with this result, speeding has been reported among the major
causes of crashes in China [16,42,43].
The population aged between 0 and 14 years negatively inﬂuences
crash rateswhile the one of age 65 years and above positively inﬂuences
these rates. Although an increased involvement in accidents of old pop-
ulations may be unexpected, these accidents may results in more inju-
ries because of the fragility of these populations [44]. Populations in
the age range of 15–64 years are correlated with lower crash rates.
This result is unexpected because populations in this age group are
the most exposed to trafﬁc risks due to their high involvement in eco-
nomic and social activities. They are exposed as pedestrians, cyclists,
motorcyclists, passengers, drivers and drinking-prone road users. For
example, those in the age range 40–49 are vulnerable because of their
high car ownership rates [45] while the range 16–25 is at higher risks
as motorcyclists [18]. A split of the group based on the gender and/or
into at least 4 standard categories, such as 15–24, 25–34, 35–44 and
45 and above would allow a closer inspection of the features of each
sub-group [46].
7. Conclusions
Spatial analysis of road crash rates is widespread. However, the eval-
uation of the neighborhood effects (spatial and error lags) of these ratesPlease cite this article as: W.L. Soro, et al., Crash rates analysis in China u
10.1016/j.iatssr.2016.11.001is still embryonic. The quasi-totality of these evaluations is performed
within the framework of single-equation spatial cross-sectional studies.
The contribution of this study is the extension of these studies to a spa-
tial panel analysis with application to the 31 administrative regions of
mainland China. A spatial autoregressive model with autoregressive
disturbances (SARAR) is estimated using the maximum likelihood
method. The ﬁndings support that ignoring the spatial spillovers in
the analysis of road trafﬁc crash data produces bias estimates. A possible
extension of this study is the replication at lower scales or the consider-
ation of dynamic spatial panels.
The presence of neighborhood effects is evidenced through the
Moran's I statistic.Models incorporatingneighborhood effects outweigh
those that do not and the model incorporating both types of effects is
found to be the best to ﬁt the data. The coefﬁcient of the spatial lag is
positive and statistically signiﬁcant suggesting a similarity of crash
rates conﬁguration between neighboring regions. The coefﬁcient of
the error lag is also positive and statistically signiﬁcant implying the ex-
istence of commonunobserved factors affecting crash rates in neighbor-
ing regions. Theseﬁndings are consistentwith previous studies. A policy
implication of the ﬁndings is that neighboring regions should cooperate
in the design of their road safety policies so that tomitigate the resulting
negative spatial effects and beneﬁt from the positive ones.
The analysis also provides the impact of other covariates on crash
rates. The Gross Regional Product and the urban unemployment rate
are correlated to lower crash rates. Populations of age 65 and above
are positively associated with higher rates. Passenger trafﬁc and freight
trafﬁc are respectively related to lower and higher rates. The length of
paved roads is unexpectedly the source of higher rates; speeding is
probably the reason.
There are however some limitations to this study due to the
underreporting gaps which are well-known in trafﬁc crash data and
are likely to be more severe in China [43,47]. The Chinese ofﬁcial crash
statistics are collected by the police. Hu et al. [19] and Qiu et al. [48]
compared data based on police reports to those from the hospitals.
Their studies revealed large inconsistencies due to the underreporting
of data from the police.
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